Pronunciation dictionaries provide a readily available parallel corpus for learning to transduce between character strings and phoneme strings or vice versa. Translation models can be used to derive character-level paraphrases on either side of this transduction, allowing for the automatic derivation of alternative pronunciations or spellings. We examine finitestate and SMT-based methods for these related tasks, and demonstrate that the tasks have different characteristics -finding alternative spellings is harder than alternative pronunciations and benefits from round-trip algorithms when the other does not. We also show that we can increase accuracy by modeling syllable stress.
Introduction
Robust processing of speech and language requires dealing with variation in language production, either in terms of pronunciation in the spoken domain or spelling in the written domain. Predicting the intended words of an acoustic or textual sequence is an important recognition task, often required for downstream processing such as spoken language understanding or knowledge extraction. Informal text genres, such as those found in social media, share some characteristics with speech; in fact such text is often informed by pronunciation variation. For example, consider the following tweet:
He aint gotta question my loyalty, cuz he knw wen sh!t get real. Ill be right here! where several tokens (e.g. "cuz", "wen") represent spelling alternations related to pronunciation. Work in text normalization and spelling correction -e.g., Toutanova and Moore (2002) ; Li and Liu (2012) has included pronunciation information to improve recognition of the intended word, via grapheme to phoneme (g2p) conversion modeling derived from pronunciation dictionaries.
Pronunciation dictionaries provide natural parallel corpora, with strings of characters paired to strings of phones. Thus, standard lexicons have been used in recent years with machine translation systems such as Moses (Koehn et al., 2007) , to train g2p systems (Laurent et al., 2009; Gerosa and Federico, 2009 ). Further, other algorithms using such dictionaries also use translation phrase tables, but not for translation tasks. For example, data-driven paraphrasing methods (Bannard and Callison-Burch, 2005) use translation phrase-tables as a "pivot" to learn sets of phrases which translated to the same target phrase. In a similar manner, with a pronunciation dictionary instead of a phrsetable, pivoting can be used to learn alternative pronunciations (Karanasou and Lamel, 2010) , i.e., direct phoneme-to-phoneme (p2p) "translation" systems that yield alternative pronunciations. Alternatively, round-trip translation could be used, e.g., to map from letter strings to phone strings in one step, then from the resulting phone strings to letter strings in a second step, as the means to find alternative spellings (Li and Liu, 2012) .
In this study, we explore dictionary-derived models to find either alternative pronunciations or alternative spellings, using either direct (p2p or g2g) or round-trip algorithms (p2g2p or g2p2g). We compare methods based on weighted finite-state transducers (WFST) with phrase-based models trained with Moses. Our main interest is to evaluate Karanasou and Lamel (2010) methods -shown to be useful for deriving alternative pronunciations -for deriving alternative spellings, and thus to determine the relative difficulty of these two tasks. We also examine when, if ever, round-trip processing yields benefits over direct transduction. Our results indicate that real alternative pronunciations are substantially easier to find than real alternative spellings, partic-ularly when pronunciation features such as syllable stress are available. Second, round trip translation yields no gain (and some loss) over direct transduction for finding alternative pronunciations, yet yields some modest gains for finding alternative spellings. Further, WFST methods perform as well as or better than Moses trained models. Finally, combining the methods yields further gains, indicating that the models are learning complementary sets of patterns.
The primary contribution of this work is to introduce a competitive method of building and using pair language model WFSTs for generating alternative spellings and pronunciations which reflect real-world variability. This could improve results for downstream processes, e.g., epidemiological studies (Chew and Eysenbach, 2010) or sentiment analysis (Barbosa and Feng, 2010) derived from social media text. Further, we present a controlled comparison between the two tasks, and demonstrate that they differ in terms of task difficulty
Related work
Text normalization has been a major focus in textto-speech (TTS) research for many years. Notably, Sproat et al. (2001) deemed it a problem in itself, rather than ad hoc preparatory work, and defined many of the issues involved, as well as offering a variety of initial solutions. Similar approaches apply to automatic spelling correction, where Toutanova and Moore (2002) extended the noisy channel spelling correction method of Brill and Moore (2000) , by modeling pronunciation alternations to infer from misspellings to correct spellings. Similarly, Li and Liu (2012) extended the character-based translation approach to text normalization of Pennell and Liu (2011) , by adding an additional round-trip translation to-and-from pronunciations. Karanasou and Lamel (2010) used Moses to generate alternative pronunciations from an English dictionary, using both direct and round-trip methods. They validated their systems on a set of words with multiple pronunciations, measuring the degree to which alternative pronunciations are generated from one of the given pronunciations. Our task and method of evaluation is similar to theirs, though we also look at alternative spellings.
Methods
To generate alternative spellings and pronunciations, we built phrase-based translation and finite-state transduction models from a parallel corpus. When pronunciations were part of the model -i.e., not direct grapheme-to-grapheme -we included conditions with and without vowel stress.
Corpus
Our training corpus is the CMU Pronouncing Dictionary 1 , which contains nearly 130k entries. From this corpus, we identified homophone sets, i.e., sets of multiple spellings sharing the same pronunciation, such as "colonel" and "kernel". We found 9,977 such sets, and randomly selected 1000 for testing; the rest we used for training. Each set had, on average, 2.46 members. We also identified homograph sets, i.e., sets of multiple pronunciations all spelled the same, such as potato (/potato/ and /p@teto/). We found 8,216 such homograph sets, and randomly selected 1000 for testing; the rest we used for training. These sets averaged 2.13 members.
We construct seven parallel training corpora from the lexicon, each disjoint from its relevant test set. For round-trip models, the parallel corpus is each grapheme string in the lexicon aligned with its phoneme string, if neither the grapheme string nor phoneme string appear in the test set. There are four such corpora, corresponding to these options: stress or no stress, and g2p2g or p2g2p. The g2p2g and p2g2g conditions require different corpora because they are differently partitioned for testing. For direct grapheme-to-grapheme training sets, non-homophone words are self-aligned; for homophones, from each homophone set, each possible pair of spellings are aligned. For example, for a pronunciation with four spellings-a, b, c, and dthere would be six alignments: a:b, a:c, a:d, b:c, b:d, c:d. Similarly for direct phoneme-to-phoneme training sets, non-homograph words are self-aligned; words from the training homograph sets are pairwise aligned in all pairings. There are two direct p2p corpora: with and without stress.
Phrase-based translation models
As a baseline system, we used the Moses statistical machine translation package (Koehn et al., 2007) to build grapheme-based and phoneme-based translation systems, using a bigram language model. 2 These are trained on the parallel corpus resulting from the homophone or homograph sets detailed in the previous section for the direct methods. For this paper, we did not perform round-trip translation with Moses, rather present it as a baseline for the direct approach.
Pair language models
Our weighted finite-state transducer approach is based on pair language models (Bisani and Ney, 2008; Deligne and Bimbot, 1997; Ghoshal et al., 2009) , or, more recently, (Sagae et al., 2012) .) The basic idea in a pair LM is to align strings, then train a language model over sequences whose symbols are the input:output pairs of the alignment. This language model can then be converted to transducers. For a g2g example, homophones "their" and "there" are aligned via the standard Levenshtein edit distance algorithm as "t:t h:h e:e i: r:r :e". A trigram model over these x:y strings would use standard ngram modeling to estimate, for example, P( :e | i: r:r); i.e., the probability of a silent "r" in a given context.
Building the pair language model transducers requires two phases. In the first phase we create new corpora by aligning the elements of the parallel corpora outlined above. In the second phase we use these corpora of string alignments to build a pair language model.
Alignment and Corpora Building
We use extensions to the Levenshtein edit distance algorithm to align g2g, p2p and g2p strings, with substitution matrices created to provide useful alignments (Wagner and Fischer, 1974) . As in Brill and Moore (2000) , we allow for certain multisymbol strings to be substituted with a single cost, e.g., substituting 'th' with /θ/ in g2p alignment. For g2g alignment, our substitution cost is 0 for identity and 2 for a few pairs of commonly interchangeable graphemes, such as 'c' and 'k'. Other substitutions are not permitted, and delete and insertion have cost 10. For p2p alignment there are two conditions, with and without stress. Without vowel stress, no substitutions other than identity are allowed; with vowel stress, substitution cost is 2.5 for the same vowel with differing stress; and 5.0 if substituting a vowel with another vowel. Other substitutions are not permitted, and, again, delete and insertion have cost 10.
For training round-trip models, we have to perform g2p and p2g alignment, with differing alphabets on the input and output of the alignment.
We begin with a basic substitution table that allows graphemes and their most likely phonemes to align. We then re-estimate the substitution costs based on relative frequency estimation (-logP), and also aggregate sequences of consecutively deleted graphemes so that they collectively map to a single phoneme. For example, given the alignment 'o:/a/ u:/ / g:/ / h:/ / t:/t/', ('ought', /at/), we make a new rule: ough:/a/, and give it a cost based on its relative frequency. Grapheme strings that appear sufficiently often with a given phoneme will thus accumulate sufficient probability mass to compete. Each alignment produced as described above is a string in a training corpus for creating a pair language model. As such, each alignment pair (e.g. a:/@/) is a token.
From Corpora to WFSTs
We use the open source OpenGrm NGram library to build 5-gram language models from the strings of input:output pairs. These langauge models are encoded as weighted finite-state acceptors in the OpenFst format (Allauzen et al., 2007) . We shrink the models with the ngramshrink command, using the relative entropy method (Stolcke, 1998), with the "theta" threshold set at 1.0e−6. These finite state acceptors are then converted into transducers by modifying the arcs: split the labels of each arc, x:y, making x the input label for that arc, and y the output label. Thus traversing such an arc will consume an x a return a y. Such pair language models we use for all WFST methods discussed here.
Producing k-best output
Each tested input string, spelling or pronunciation, is encoded as a cost-free linear chain WFST and composed with a pair language model transducer described in the previous section. The resulting lattice is converted to an acceptor by projecting onto its output labels, i.e., for each arc, the input label is set to the value of the output label. Epsilons are then removed and the result is determinized. The k-best paths are extracted using the shortest path algorithm in the OpenFst library.
For direct models (g2g and p2p), the k-best output from this first transduction is our result, ranked according the probability of each path. For roundtrip methods (e.g. g2p2g), however, we do a second transduction in the other direction. For example, for g2p2g, the first transduction would have transduced from a spelling to a set of candidate pronunciations; the second transduction will transduce from pronunciations to spellings. For this second transduction, we take each string s from the k-best list from the first transduction, and process them as we did in the first transduction, now using the inverse transducer. So, for each s in the first k-best list, we now have a kbest list from the second transduction. Thus, for the original input string, we have up to k 2 alternatives. Finally, we score each alternative by combining their scores from both transductions.
Letp represent a phoneme string, andḡ a grapheme string. If we perform a transduction from p toḡ, the weights from the transducer provide the (negative log) joint probability P(p,ḡ). By performing a soft-max normalization over the k-best list output, we obtain the (negative log) conditional probability P(ḡ |p). For round-trip methods, we take the product of the conditional probability in each direction, and marginalize out the intermediate grapheme sequence, i.e., P(p 2 |p 1 ) = ḡ P(p 2 |ḡ) P(ḡ |p 1 ).
Experimental results
For evaluation purposes, we reserved a set of 1000 test homophone sets and 1000 test homograph sets, as described in Section 3.1. From each set, we generate alternatives from the longest set member (ties broken alphabetically) and examine the resulting kbest list for presence of other members of the set. Note that the input string itself is not a target, and, before evaluation, is removed from the k-best list. Recall is the proportion of the k-best list returned by the system:
Results for generating alternative pronunciations are listed in Table 1 ; those for generating alternative spellings are in Table 2 . For alternative spellings, we also present results that combine the outputs of direct, round-trip (no stress) and Moses into a single list using a simple ranked voting scheme (simple Borda count).
A noteworthy result is the apparent usefulness of stress modeling for predicting pronunciation variation using WFSTs with the direct method; this is seen in the first two data columns of 1. This suggests that stress has an effect on phoneme alteration, something we discuss in more detail in Section 5. However, while providing a large gain in the p2p condition, pronunciation modeling gives small or negative effects elsewhere. In the round trip methods, the effects of stress are lost: stress has little influence of how a particular phoneme is spelled. Thus, graphemes do not retain much stress information, hence any pass through the orthographic domain will shed it.
Recall is higher for alternative pronunciations than for alternative spellings. One reason for this is that spellings in our test set average eight letters, whereas the pronunciations average around five phonemes. Furthermore, the average Levenshtein distance between original spellings and their target alternatives, is 2.6, while for pronunciations, it is 2.2. Combining these factors, we see that, for spellings, more edit operations are required, and there are more symbols to which to apply them. Therefore, for spellings, there are more incorrect candidates.
The results also show gains resulting from the roundtrip method when applied to finding alternative spellings, but no such gains when roundtrip methods are applied to alternative pronunciations. Suppose, when seeking alternatives for some spelling, we alter grapheme g 1 to g 2 . With a direct method, we must have instances of g 1 mapping to g 2 in the training set. The roundtrip method, however, is less constrained: there must exist some phoneme p 1 in the training set such that g 1 maps to p 1 , and p 1 maps to g 2 ; thus, the set of possible alternations at testing are {g 1 → p 1 } × {p 1 → g 2 }. This argument also applies to finding alternative pronunciations. Thus the roundtrip method offers more possible mappings. These extra possible mappings may be helpful or harmful, depending on how likely they are compared to the possible mappings they displace. Why are they helpful for alternative spellings, but not for al- Comparing Moses to the pair language model methods, Moses does slightly better for smaller n (n = 1, 3), and slightly worse for larger n (n = 10). Our only partial explanation for this is that Moses does well at weighing alternatives but, possibly, does not generate a large number of viable alternatives. System combination yields solid gains in finding alternative spellings, demonstrating that these different systems are coming up with diverse options.
Finally, we note that many of the false positive pronunciations given by the WFST system are plausibly correct although they are not included in the CMU dictionary. For example, for the spelling, adequate, the CMU dictionary provides two pronunciations: /aed@kw@t/ and /aed@kwet/. Meanwhile, the p2p WFST system (with stress modeling) produces /aed@kwIt/. This suggests that we can learn from CMU dictionary to predict actual pronunciations that CMU dictionary does not itself list.
Discussion and Summary
The experimental results demonstrated the utility of stress modeling for generating alternative pronunciations, which we suggested was due to the impact of stress on phoneme alternation. To examine this more closely, we looked at each phoneme, stress class, (ph, s)-e.g. (/@/, primary)-and determined how likely is an occurrence of (ph, s) to have an alternative phoneme in a homograph set. We found that primary and secondary stressed vowels had an alteration probability of 0.017, while non-stressed vowels had an alteration probability of 0.036. This difference should be picked up in the transition probabilities of our WFSTs, resulting in a preference for alterations of unstressed vowels. This is analogous to results found in (Greenberg et al., 2002) for spontaneous American English discourse. A further analysis of the system output might shed more light on relationships between stress and phoneme choice.
Why are round-trip methods useful for finding alternative spellings but not for finding alternative pronunciations? One possible explanation is that the variety of orthographic alternations is greater than that of pronunciation alternations. Thus, the training set for spelling may provide less relative coverage of the alternations in its test set than the training set for pronunciation provides for its test set. This is supported by the fact that pronunciation recall exceeds spelling recall. The roundtrip method allows for finding mappings not seen in training. These extra mappings might be no better for spelling than they are for pronunciation, but for spelling, the mappings they replace in the k-best list are worse, so they yield an improvement. For pronunciation, the mappings they replace in the k-best list are better, so they yield a loss. Further research is required to validate this explanation.
Ultimately, we would like to apply these methods to the normalization of social media text, especially to find alternative spellings based on alternative pronunciations. To apply such methods to, say, Twitter normalization requires a sizable corpus mapping canonical spellings to non-standard spellings. To assess domain portability, we applied a model built from the CMU dictionary to just over 100 alternative spellings observed in a small Twitter collection. Using the direct g2g method, we generated alternative spellings from the canonical spelling of each term, and measured the recall of the output, i.e., whether the observed alternatives were present in the k-best list. Recall was extremely low (less than 5%), suggesting that the type of orthographic alterations that are found in dictionary pronunciations are very different from the orthographic variations found on Twitter, and that those differences have a profound effect on our ability to recover alternatives.
In sum, we have presented a small study of the utility of pronunciation dictionaries for finding spelling and pronunciation alternatives, demonstrating key differences between these tasks.
